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Abstract
Background: Trait variances among genotype groups at a locus are expected to differ in the presence of an
interaction between this locus and another locus or environment. A simple maximum test on variance
heterogeneity can thus be used to identify potentially interacting single nucleotide polymorphisms (SNPs).
Results: We propose a multiple contrast test for variance heterogeneity that compares the mean of Levene
residuals for each genotype group with their average as an alternative to a global Levene test. We applied this
test to a Bogalusa Heart Study dataset to screen for potentially interacting SNPs across the whole genome that
influence a number of quantitative traits. A user-friendly implementation of this method is available in the R
statistical software package multcomp.
Conclusions: We show that the proposed multiple contrast test of model-specific variance heterogeneity can be
used to test potentially interacting SNPs with an unknown allele, loci or covariates and provide valuable
additional information compared with traditional tests. Care is needed in the interpretation, particularly in the
commonly occurring unbalanced designs.
Author’s summary: xxxx
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Background
Statistical association between a biallelic marker and a quantitative trait is usually tested using either a
two degree of freedom F-test in the one-way analysis of variance (ANOVA) [1], or a one degree of freedom
F-test in a linear regression [2]. These approaches compare the means of quantitative trait values at
genotype categories at a SNP locus (i.e., homozygous for major allele, heterozygous and homozygous for
minor allele). The ANOVA is sensitive against any global heterogeneity, whereas the linear regression test
is sensitive against an additive mode of inheritance. Less attention has been given to comparing the
variances in the quantitative trait values associated with different genotype categories. Recently, [3]
proposed using a standard Levene test [4] to identify variance heterogeneity due to potential interaction
between a given locus and another allele at the same locus, alleles at different loci or the environment.
Differences among the variances of quantitative trait values associated with each genotype category
(denoted σ2j with j = 0, 1, 2 interacting alleles) may reflect an interaction [5]. In contrast to approaches
that explicitly test specific gene-gene or gene-environment interactions [6], methods that assess variance
heterogeneity can be used to uncover loci that are not known to interact.
Levene test [7] tests a global null hypothesis H0 : σ
2
0 = σ
2
1 = σ
2
2 against the alternative that a difference
exists between any pair of variances: H1 : ∃j, j′ : σ2j 6= σ2j′ , j 6= j′. The test statistic consists of a quadratic
form
T 2Levene =
(N − J)∑Jj=0 nj(Zj. − Z..)2
(J − 1)∑Jj=0(Zji − Zj.)2 , N =
J∑
j=0
nj
(with J = 3) using the robust Levene residuals
Zji = abs(Yji −Median(Yj.)),
with nj quantitative trait observations Yij per genotype j. The T
2
Levene is F -distributed with df1 = J and
df2 = N − J .
This test is known to be relatively robust when data are not normally distributed. However, the main
disadvantage associated with using Levene’s test is that it can only be used to determine whether the
group-specific variances differ among each other. However, in order to obtain a biologically or clinically
relevant interpretation of the results, it is often valuable to additionally determine which pairs of genotype
categories exhibit statistically significant variance heterogeneity.
To this end, [3] considered using three two-sample df − 1 tests for the three comparisons σ20 vs. σ212, σ21 vs.
σ202, and σ
2
2 vs. σ
2
01, where σ
2
jj′ denotes the variance estimator for the pooled groups jj
′. However, these
multiple tests do not control the family-wise type I error rate α.
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In this paper, we propose a Levene-type multiple contrast test, a novel approach comprised of a global test
on variance heterogeneity as well as the three specific tests on pairwise variance heterogeneity using a
maximum test of linear forms. We apply this test in a genome-wide fashion using a Bogalusa Heart Study
dataset [8].
Methods
A Levene-type multiple contrast test
For the Levene-type transformed variable Zij and the factor genotype with the levels j = 0, 1, 2 the
following contrast test for the one-way layout is used:
TLevenek =
∑J
j=1 ckjZ¯j.
S
√∑J
j=1 c
2
kj/nj
where S is the root of the common mean square error estimate of the linear model on the transformed data
Zji (absolute Levene residuals). Contrast coefficients ckj are used for the k = 3 comparisons between the
means of Levene residuals for each genotype with the average of the means. These comparisons coding for
σ20 vs. σ
2
12, σ
2
1 vs. σ
2
02, and σ
2
2 vs. σ
2
01 [9], are formulated in the 3× 3 contrast matrix:
(ckj) =
 −1 0.5 0.50.5 −1 0.5
0.5 0.5 −1
 .
A priori it is unknown which elementary test is mostly under the alternative. Therefore, the maximum of
the test statistics max(Tj) is used, implying a family-wise type-I-error rate α for all of the three
comparisons.
Under the approximate assumption of multivariate normal distributed errors with a homogeneous global
variance of the transformed variable Zij , the vector (Tj)
′ follows jointly a tri-variate t-distribution with
ν =
∑J
j=1(nj − 1) degrees of freedom and a correlation matrix R = (ρkk′) given by its elements
ρkk′ =
∑J
j=1 ckjck′j/nj√(∑J
j=1 c
2
kj/nj
)(∑J
j=1 c
2
k′j/nj
) . (1)
Under the above assumptions the correlations ρkk′ depend only on the contrast coefficients ckj and the
sample sizes nj . This approach controls the familywise error rate α and reveals a reasonable power for
unbalanced designs as long the above assumptions hold true. It provides a global decision whenever any of
the contrasts is under the alternative and additionally the elementary decisions by multiplicity-adjusted
p-values for the three specific comparisons. Although simultaneous confidence intervals for both differences
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and ratios to the average are available as well [10], they will not be recommended since a genetically
interpretation for the transformed variable Zji seems to be not appropriate. Recently simultaneous
confidence intervals for the pairwise ratios of variances was proposed using a maximum test on jackknifed
log(s2j ) [11]. This approach would be an alternative when modified for arbitrarily unbalanced designs.
The question arises whether the quadratic form of the Levene test or the maximum contrast version of
linear forms is more powerful. A general answer will be not available. For the comparison of normal
distributed means, the least favorable configuration approach for µj − µ¯. even conclude higher power for
the maximum of linear contrasts relative to the quadratic form of the F-test of the one-way analysis of
variance [12].
Alternatively, a multiple contrast test based on pairwise comparisons of the genotype-specific variances
MCT pair can be used by means of the following 3× 3 contrast matrix:
(ckj) =
 −1 1 00 −1 1
−1 0 1
 .
Results
Evaluation of a real data example
We evaluated the utility of the proposed test using data from Bogalusa Heart Study (BHS). The
longitudinal study included genotype information on 525 unrelated individuals of European descent at
545,821 SNPs [12]. Twelve clinically-relevant quantitative traits were also measured for each study
participant. We applied the multiple contrast test to each SNP throughout the genome, explicitly
analyzing SNP by age interaction. While each test requires about X seconds of computing time, different
genomic regions were analyzed on separate processor nodes in parallel, effectively decreasing the total
computational time requirements for a genome-wide study by a factor proportional to the number of
available computing nodes, in our case about 1,000. A number of SNP loci with a p-value smaller than
(< 10−8) were identified for several quantitative traits. In addition, the number of SNPs with p-values
below a multiplicity threshold of < 10−8 varied for different quantitative traits. For example, 23 SNP loci
yielded p-values lower than that threshold when considering heart rate, while only 5 SNPs reached similar
significance in the analysis involving body mass index. A thorough examination of the results showed that
several significant tests occurred when the risk allele homozygote genotype group contained only a handful
of data points. Although the approach described in this paper is statistically valid in these situations, we
selected only tests in which each genotype group contained at least one percent of all data points for
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further study. In the following text, we showcase two instances of variance heterogeneity in greater detail:
rs3760124 and waist circumference, as well as rs12607553 and diastolic blood pressure.
rs3760124
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The boxplots show relatively symmetric distributions of quantitative trait values in all genotype groups,
thus ruling out the presence of outliers or extremely skewed distributions of trait values as sources of the
observed variance heterogeneity. Furthermore, all three genotype categories contain a relatively large
number of observed trait values resulting in reliable variance estimates.
Trait SNP Test Comparison p-value
waist circumference rs3760124 Levene global 3.4 · 10−07
MCT ave σ2CC vs. σ
2
CT,TT 2.7 · 10−01
σ2CT vs. σ
2
CC,TT 1.5 · 10−01
σ2TT vs. σ
2
CC,CT 9 .8 · 10−08
MCT pair σ2CC vs. σ
2
CT 9.6 · 10−01
σ2CC vs. σ
2
TT 5.3 · 10−07
σ2CT vs. σ
2
TT 4.4 · 10−07
diastolic blood pressure rs12607553 Levene global 3.0 · 10−07
MCT ave σ2AA vs. σ
2
AG,GG 5.9 · 10−01
σ2AG vs. σ
2
AA,GG 1 .2 · 10−07
σ2GG vs. σ
2
AA,AG 1.8 · 10−06
MCT pair σ2AA vs. σ
2
AG 3.2 · 10−02
σ2AA vs. σ
2
GG 9.9 · 10−01
σ2AG vs. σ
2
GG 1.9 · 10−07
Table 1: P values for original and multiple contrast Levene-type tests
It can be seen from Table 1 that our proposed test (labeled as MCT ave) yielded a more significant result
compared with the Levene global test. More importantly however, it allowed us to interpret the effect of
the SNP alleles on the variance heterogeneity. When we considered waist circumference, we found the
5
variance heterogeneity to be most significant between the risk allele homozygous genotype group (σ2TT ),
and the pooled variance for the two remaining genotype groups associated with the presence of at least one
non-risk allele ( σ2CC,CT ). In addition, we can see that the variance associated with the risk allele
homozygotes is significantly higher in this example. Conversely, in the second example involving diastolic
blood pressure, the variance in the heterozygotes σ2AG was significantly higher compared to homozygotes
σ2AA,GG. This type of insights may prove to be valuable for forming hypotheses in further research, and can
be obtained with the Levene-type multiple contrast test that we propose here. Furthermore, pairwise
comparisons (labeled as MCT pair) can also be performed (see Table 1).
An example R code for testing variance heterogeneity at a single SNP is provided in the Supplementary
material. The multiplicity-adjusted p-values can be estimated by means of the R package multcomp [13].
Alternatively, a SAS procedure GLIMMIX can be used for a resampling based estimation of
multiplicity-adjusted p-values [14].
Conclusions
The serious issue of missing heritability, which refers to the fact that common SNPs identified by
genome-wide association studies as associated with a disease collectively explain only a small portion of the
prevalence of this disease, may be due, in part, to the presence of unknown interactions among alleles at
various SNP loci or environment, that have an effect on the disease. The identification of such interactions
poses many challenges, primarily because of the large number of potentially interacting pairs, trios, etc. of
alleles and environmental variables that need to be tested. A feasible alternative, as suggested by [5], is to
test individual loci for the evidence of their involvement in an interaction with other alleles, loci or
covariates. The idea of assessing variance heterogeneity between three genotype groups at a particular SNP
locus as evidence of a potential interaction is appealing for its simplicity. The Levene-type maximum
contrast test proposed in this paper allows one to not only test for global variance heterogeneity, but also
perform groupwise test that allows one to elucidate the effect of the individual alleles on the quantitative
trait variance. While this is an advantage over the standard Levene test, the price to pay is increased
computing time. However, parallelization can be used to substantially alleviate this problem. Variance
heterogeneity testing of the type proposed here can be easily embedded in a linear model which would
allow us to test more elaborate models and account for the potential effects of covariates such as sex or age.
R code implementing this test is available as part of the multcomp package. Care needs to be exercised in
interpreting the results of this test in cases of low frequency variants or missing trait data, when one or
6
more of the genotype groups contains an extremely small number of observed trait values. The issues
surrounding the sensitivity and specificity of this approach in these potentially common cases is an area in
need of further work.
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Figures
Additional Files
The R code
med26<-tapply(tgK$NCleanEpi, tgK$G26, median) # group-specific medians
med26V<-med26[as.integer(tgK$G26)] # median for each subject
tgK$NCE26<- abs(tgK$NCleanEpi-med26V) # Levene transformation
library(multcomp)
l26<-lm(NCE26~G26, data=tgK) # one-way ANOVA linear model fir
summary(glht(l26, linfct=mcp(G26 = "AVE"))) # multiple contrast test of "average type"
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